Arid and semiarid grasslands of southwestern North America have changed dramatically over the last 150 years as a result of woody plant encroachment. Overgrazing, reduced fire frequency, and climate change are known drivers of woody plant encroachment into grasslands. In this study, relatively simple algorithms for encroachment factors (i.e., grazing, grassland fires, and seed dispersal by grazers) are proposed and implemented in the ecohydrological Cellular-Automata Tree Grass Shrub Simulator (CATGraSS). CATGraSS is used in a 7.3 km 2 rectangular domain located in central New Mexico along a zone of grassland to shrubland transition, where shrub encroachment is currently active. CATGraSS is calibrated and used to investigate the relative contributions of grazing, fire frequency, seed dispersal by herbivores and climate change on shrub abundance over a 150-year period of historical shrub encroachment. The impact of future climate change is examined using a model output that realistically represents current vegetation cover as initial condition, in a series of stochastic CATGraSS future climate simulations. Model simulations are found to be highly sensitive to the initial distribution of shrub cover. Encroachment factors more actively lead to shrub propagation within the domain when the model starts with randomly distributed individual shrubs. However, when shrubs are naturally evolved into clusters, the model response to encroachment factors is muted unless the effect of seed dispersal by herbivores is amplified. The relative contribution of different drivers on modeled shrub encroachment varied based on the initial shrub cover condition used in the model. When historical weather data is used, CATGraSS predicted loss of shrub and grass cover during the 1950 s drought. While future climate change is found to amplify shrub encroachment ( ∼13% more shrub cover by 2100), grazing remains the dominant factor promoting shrub encroachment. When we modeled future climate change, however, encroachment still occurred at a reduced rate in the absence of grazing along with pre-grazing fire frequency because of lower shrub water stress leading to reduced shrub mortality which increases the probability of shrub establishment.
Introduction
Arid and semiarid grasslands of southwestern North America have changed dramatically over the last ∼150 years as a result of woody plant encroachment (WPE) [5, 16, 19, 47, 85, 93] . WPE is defined as an increase in the density, cover, and biomass of native trees or shrubs in grasslands [9, 19, 33, 34, 55] . Encroachment of native woody species has greatly changed the appearance and struc- Although some earlier studies have related WPE in semiarid grasslands to a single dominant factor, such as fire or grazing (e.g., [10, 17, 18, 21] ), growing evidence points to the interaction of several cascading factors driven by the introduction of domestic herbivores in the southwest US (e.g., Fig. 2 ; [34, 63, 92, 93] ). Essentially, loss of grass biomass and fine fuels through chronic high levels of grazing in this region have resulted in a significant reduction in grassland fire frequency from an approximate historic return period of 10 years to 100 years since the beginning of grazing [5, 21, 79, 92] . Grassland fires suppress the growth and encroachment of trees and shrubs [31, 44, 93, 97] and increase splash, runoff and aeolian erosion, with a subsequent homogenizing effect on spatial distribution of resources that may favor healthy grass regrowth [35, 78, 95] . With less frequent and more intense fires, woody plant mortality decreases as shown by several fire control experiments, and maturing woody plants produce seeds for dispersal to surrounding bare soil patches (e.g., [13, 77, 83] ). In addition, deposition of resources eroded from burned and grazed patches promotes the formation of shrub patches, known as "islands of fertility" [26, 79, 85] . Conceptual model illustrating interactions of processes associated with woody plant encroachment (WPE) in the southwest USA. Each WPE factor is indicated in a box. An arrow represents a direct impact from one factor to another. A plus (minus) sign indicates an increase (decrease) of the process inside the box as a result of the factor connected to it with an arrow.
These sediment-vegetation interactions create positive feedback loops that contribute to the development of environments more favorable for shrubs than desert grasses (e.g., [66, 67, 69, 80, 85] ).
WPE has also been related to other indirect factors. Domestic herbivores and native small mammals and insects consume and disperse the seeds of woody plants. In regions where shrubs encroach grasslands, the allelopathic effects of shrubs on grasses may create a positive feedback mechanism for shrub encroachment by inhibiting the establishment of grasses around shrubs (e.g., [82] ). Periodic multi-year droughts [64, 88] , elevated atmospheric CO 2 , and interspecific competition have been identified to be potential contributors to WPE [8, 14, 71, 86, 93] .
Bahre and Shelton [9] and van Auken [92, 93] argued that links between historical climate variability since the 1870 s and WPE in semiarid grasslands have been weak. However, there are growing concerns that contemporary and future climate change might increase rates of WPE [2, 93] , as drier summers in the southwest US predicted by Global Climate Models (GCMs) [28, 30] may accelerate the loss of grass species vulnerable to drought, while more drought-tolerant shrubs survive (e.g., [8, 41] ).
Several numerical models have been developed to investigate WPE. Peters [71] developed an individual plant-based gap dynamics model (ECOTONE) that simulates recruitment, growth, and mortality of individual plants on a small plot scale over annual time steps, governed by probabilistic rules of annual seed production, recruitment, and establishment. ECOTONE was used to examine the influence of soil texture and climate change on grass and shrub composition in central New Mexico, US. When two dominant soil textures, sandy loam and loamy sand were used in ECO-TONE, shrubs were predicted to coexist with black grama grass ( B. eriopoda ) on loamy sands, while shrubs were virtually absent in sandy soils, which instead were dominated by grasses. By providing more rainfall during the growing season, the GCM results used by Peters [71] favored grass vegetation over shrubs.
Logistic growth models have also been used to investigate transitions between grass-shrub ecosystems and vegetation coexistence (e.g., [32,34,6 8] ). Okin et al. [6 8 ] assumed grass to have a competitive advantage over shrub vegetation. In order to incorporate the effect of grazing in the coupled system, grass carrying capacity was estimated as an increasing function of grass biomass, implying that loss of surface soil resources with loss of grass leads to lower carrying capacity. Despite the assumption of competitive advantage of grasses over shrubs, the model illustrated how a small change in grass mortality due to climate change and grazing could cause an abrupt transition from a grassland to shrubland state. When shrub vegetation is assumed to have a competitive advantage, a similar model yields bistable dynamics due to fire-vegetation feedbacks [32, 34] .
Ravi and D'Odorico [79] developed a spatially explicit cellular automata (CA) model of grass and shrub dynamics. In their model each cell can exist in a discrete state of grass, shrub (live or burned), and bare soil. The model operates spatially based on annual empirical probabilities of: grass-to-bare soil conversion due to grazing pressure, shrub establishment from neighboring shrub cells, shrub establishment due to seed dispersal by herbivores, fire ignition, and probability of grass seed dispersal. To represent the effects of islands of fertility, available resource in each cell is simulated by removing resource on grazed and burned cells and redistributing them to neighboring cells conditioned on plant type. Shrub vegetation receives more resource than grass due to its higher sediment trapping efficiency. In the absence of periodic fires, the model showed that, while overgrazed desert grasslands may shift towards a shrubland state over a period of 100-150 years, shrub encroachment can be reversed in its early stages if connectivity among grass patches can be maintained [79] .
Stewart et al. [88] developed a modeling framework for spatially distributed simulations of coexisting plant types at annual time steps. Amount of soil resource (water and nitrogen) is conserved in each grid cell through vertical and horizontal fluxes and local production (e.g., propagules). Spatial interactions among cells are conditioned on the connectivity of vegetated cells. Biomass growth is calculated empirically as a function of resource limitation. Stewart et al. [88] reproduced the impact of 1950 s drought on grass biomass in central New Mexico, and underscored the role of connectivity of vegetated and bare soil patches as an emergent property of the system. While significant progress has been made using models to understand WPE, three related research questions still remain to be addressed in regions where WPE is on-going: (1) what are the relative contributions of grazing, fire, and seed dispersal by herbivores on WPE, and how can these factors can be implemented in models? (2) How does the rate of WPE and resulting spatial patterns of woody plants depend on initial woody plant distribution in a region? (3) What is the potential effect of climate change (increasing aridity) on WPE? While the spatially-explicit models mentioned above are useful for developing field-testable hypothesis on WPE, representation of local ecohydrologic processes (e.g., soil moisture, plant water stress, plant growth) that are fundamentally important in plant life cycle processes are either carried out implicitly at annual time steps without explicit partitioning of rainfall into the components of water balance, or neglected entirely. Predicting WPE under a changing climate in semiarid environments requires an ecohydrological framework driven by natural storm characteristics, temperature, and solar radiation in addition to plant life history processes [34, 97] .
In this study we address the research questions posed above in an active shrub encroachment site in the Sevilleta National Wildlife Refuge (SNWR) using the Cellular Automata Tree-Grass-Shrub Simulator (CATGraSS) ecohydrology model [23, 98] . We modified CATGraSS to include grazing, fires, and seed dispersal by herbivores using relatively simple algorithms. We systematically examined the individual and interactive effects of these algorithms on WPE and resulting spatial patterns of vegetation in numerical model experiments run in three steps: (1) model spin-up, (2) encroachment experiments from 1861 to 2010, and (3) future climate change experiments. We used the Advanced WEather GENerator , AWE-GEN [37, 38, 52] to represent the historical climate regime and statistically downscale Global Climate Models (GCMs) data to drive CATGraSS. In what follows we first introduce CATGraSS and proposed model improvements, followed by description of the field site, model simulations, and results.
Models

CATGraSS
CATGraSS represents the spatial distribution of elevation, soil texture, and vegetation type using a regular grid of cells. Topographic information for the model is retrieved from a Digital Elevation Model (DEM). A vegetation grid is used above the DEM with a finer resolution. Each vegetation cell can hold a single Plant Functional Type (PFT), hereafter denoted by X ( X is G for grass, SH for shrub), or can remain empty (i.e., bare soil, B ). The model combines the functionality of a simplified Dynamic Global Vegetation Model (DGVM), which includes the dynamics of local water balance, plant life processes (productivity, carbon allocation), and plant mortality (e.g., [87] ) at each model grid cell with a cellular automata (CA) component for probabilistic plant establishment driven by plant seed dispersal length and water stress (e.g., [53, 54, 94] ). Plant mortality is treated probabilistically and results from drought stress, plant aging (for woody plants), ) illustrates the interactions among plant establishment, mortality, and ecohydrologic components and the proposed fire and grazing components used in this study. X is the variable used to designate the plant functional type (PFT) at a model cell and can be bare ( B ), shrub ( SH ), and grass ( G ). The flowchart in the right panel presents the integration of the steps for plant establishment in the original model (white boxes) and the proposed improvements (gray boxes) as part of this study.
and disturbances. Here we only discuss formulations used in the CA component of CATGraSS, for a full description of the model see Zhou et al. [98] and Caracciolo et al. [23] . Fig. 3 (left panel) presents a flowchart of CATGraSS components. CA rules for plant establishment set a PFT at a cell. Plant mortality erases an existing PFT as a result of death due to age and disturbances. Both processes use an index of plant water stress provided by the ecohydrologic dynamics model, which tracks soil moisture and plant biomass dynamics. Grazing and fires reduce vegetation biomass at a cell, while grazing also influences local mortality and establishment probabilities. In this study CATGraSS is implemented only for shrub and grass PFTs, without considering trees, as they are not observed in this grass-shrub ecotone.
For computationally-efficient modeling of plant ecohydrologic dynamics in large regions (e.g., water balance, phenology) grid cells are grouped into topographic bins, based on their slope and aspect values within narrow ranges. At each bin a daily transpiration factor ( f T ) is used to scale daily potential transpiration T max of a flat surface, to the T max of a topographic bin. In the model f T is calculated based on latitude, slope, and aspect characteristics of the bin as a pre-processing model step from well established relationships of solar radiation physics [4, 98] . To reduce data requirements and keep the model simple, the potential evaporation for bare soil, E b , is taken as a fraction ( f b ) of the maximum grass transpiration rate,
CATGraSS continuously simulates the root-zone water balance and plant dynamics for each PFT and their seedlings within each topographic bin, driven by spatially uniform daily rainfall and T max calculated for each PFT using the Penman-Monteith equation. The model has a global time that advances based on the summation of generated storm and inter-storm durations. Other processes such as plant establishment, mortality, and fires are iterated annually using their respective probabilities. Modeled soil water and plant variables include soil moisture, evapotranspiration, net primary productivity (NPP), and live, structural and dead biomass allocated to aboveground and belowground pools simulated on a daily time-step [23, 98] .
The probabilistic plant establishment algorithm runs in the beginning of each growing season at each bare soil cell. Establishment probabilities are calculated for each PFT based on seed availability and plant water stress. Grasses in this system reproduce by rhizomes and by seeds, allowing them to increase in size and number over time [29, 73] . Our modeling approach incorporates both of these mechanisms of reproduction. We make the assumption that grass seeds are available for growth everywhere in the model domain. If grass establishes at an empty cell the increase in the size of grass is related to the available biomass [98] .
Shrubs, which only reproduce by seed, are assumed to provide seeds to their first ring of surrounding neighboring cells (8 cells); [53, 94] . Seedlings, however, cannot produce seeds until they become mature [53] . A shrub is assumed to mature and disperse seeds in 18 years [27] while their maximum longevity is assumed to be 600 years [15] . We postulate that the probability of establishment ( P E-X ) of a PFT at a bare soil patch as a result of seed dispersal can be related to the ecohydrological condition of neigh- 
where WS X is calculated as the sum of the mean inter-storm water stress, ξ , multiplied by its inter-storm duration ( TB , [T]), divided by the growing season length, TG [T], based on Porporato et al. [76] and modified by Istanbulluoglu and Bras [51] :
T G (2) where N is is the number of inter-storm events during a growing season. ϕ X of all mature shrub neighbors in the first ring ( I ) of a bare soil cell is calculated at the end of each growing season and averaged to use as the probability of shrub establishment in the bare cell:
Since we assume grass propagules are abundant everywhere in the basin [53, 94] , the mean live index for grass, ϕ G is taken as the average live index of all grass cells within the modeled domain located in the same slope and aspect ( S-A ) group of the bare cell [98] . A component in the establishment probability calculation relates to allelopathy, defined as a biological process by which a plant produces one or more biochemicals that limit the growth, survival, and reproduction of another plant. Knipe and Herbel [56] analyzed the germination and growth of semiarid grassland species treated with aqueous extract from creosotebush. Their data indicated that the germination of grasses (e.g., black grama) is significantly reduced, while shrub species were not affected. Therefore, based on the work of Knipe and Herbel [56] , in our application of CATGraSS in central New Mexico, we assume that the allelopathic effects of creosotebush influences grasses, but that grasses are not allelopathic. Allelopathy is integrated in CATGraSS by using an inhibitory factor, IN G . A cumulative inhibition factor is obtained as the product of a single shrub inhibition factor on grass ( IN G ) and the number of shrub cells in the first ring ( N I ) of a grass cell.
The establishment probabilities of grass and shrub functional types on a bare soil cell are:
In the equations above, maximal establishment probability values, P E-X-max [ −] , are introduced as an upper limit to prevent unrealistically fast colonization rates by each PFT in a bare soil cell during favorable conditions [53, 94] .
Plant mortality removes a plant type from a cell, and sets the cell status to bare. Plant mortality is treated probabilistically and operates at the end of the growing season. Annual probability of plant mortality is obtained as the sum of three probabilities: mortality due to drought stress ( P Md-X ), plant aging ( P Ma-X ), and local disturbance ( P Mb-X ) such as grazing:
where P Md-X [ −] is calculated as WS X minus a PFT-specific drought resistance threshold value, θ X [94] , while P Ma-X is only modeled for woody plants (e.g., tree and shrub), as a piecewise function of plant age [54] . We relate plant mortality due to plant aging ( P Ma-X ) to the age of each shrub using the formulation of Jeltsch et al. [54] that linearly increases probability of mortality from 0 to 1 when the age of an individual plant is greater than half of its defined maximum age ( T Pmax-X ). The model of Jeltsch et al. [54] neglects age-dependent mortality when plant age is younger than half of its T Pmax-X . Finally P Mb-X [ −] is introduced as background probability that could incorporate the influence of disturbances. A plant is removed when P M-X , calculated for each PFT from Eq. (5) , is greater than a uniformly distributed random number between 0 and 1 ( U ∼(0,1)), P M-X > U ∼(0,1).
Model improvements
In this study encroachment factors including grazing, fire, and effects of herbivores on seed dispersal are introduced in CATGraSS ( Fig. 3 , left panel) . A new plant selection procedure and the role of wind direction are implemented within the existing plant establishment procedure ( Fig. 3 , right panel). First we describe the improvements in the plant establishment component followed by the explicit representation of factors that may cause shrub encroachment.
WPE is tightly related to plant competition for space rather than coexistence [71] . In the original CATGraSS model while the probability of plant establishment has been related to plant water stress, the initial plant selection for the "candidate" PFT (shrub or grass) for establishment was performed at random. This algorithm does not prioritize the PFT that has the highest live index among the competing PFTs to be more competitive for the initial selection procedure for the candidate PFT. To improve this, a new plant selection procedure is implemented in CATGraSS, based on a relative comparison of the live indices of the competing shrub and grass vegetation types ( Fig. 3 , right panel) .
The plant establishment processes in the improved model include the following two major steps. In each iteration of the algorithm, first all bare soil cells are identified and in order to select the "candidate" PFT for an unoccupied bare soil patch, a relative live index for shrub and grass vegetation types scaled to the combined live index of both vegetation types is calculated at each bare soil cell as:
where the combined live index is
Following the calculation of the relative live indices for shrub and grass vegetation types at each bare soil cell, a shrub probability of selection, P SH , is generated using a uniform distribution ∼U (0,1) and, simultaneously, the probability of grass selection, P G , is set equal to 1 −P SH as either shrub or grass will be selected as the number of trials grow (i.e., P SH + P G = 1) . Then, if P SH < ϕ SH , shrub is selected, otherwise grass is selected (i.e., P G < ϕ G ). This algorithm gives a higher probability of selection for a PFT that has a higher relative live index.
Second, once a PFT is selected, the establishment probability P E-X is calculated for the selected PFT and compared with a uniformly distributed random number between 0 and 1 ( ∼U (0,1)). If P E-X is greater than U ∼(0,1), the selected PFT in the first step is placed in the cell, otherwise the cell is left bare for a year ( Fig. 3 , right panel).
In the original CATGraSS model plants disperse seeds equally in all directions. It has been argued in the literature that the prevailing wind direction in a region may impact the likelihood of plant establishment along its track [63, 92] . We represented this phenomenon by multiplying the plant live index, ϕ X , by a pair of amplifying coefficients named wind direction factors, WD ( WD > 1). We assumed that at a given cell the prevailing wind direction can be either of the four cardinal (N, S, E, W) or four ordinal (NE, SE, NW, SW) directions across a cell. The proposed algorithm first assigns wind directions at each cell and identifies all model cells in the upwind direction of an unoccupied cell within the first (or more) ring(s) of neighbors, depending on the number of rings used to represent the seed dispersal range. The ϕ X of vegetated cells located in the immediate upwind direction of a bare soil cell are multiplied by WD , increasing their probability of establishment at the bare soil cell. In the case of ordinal wind directions, in addition to using WD at the immediate upwind cells ( ϕ X ·WD ), cells with one of the vector components pointing in the direction of the unoccupied cell are multiplied by WD ( WD < WD ). These factors amplify the probability of establishment of the PFTs along the prevailing wind direction ( Fig. 3 , right panel).
The modified plant selection process and the role of wind direction are used in all CATGraSS simulations presented in this paper. In the following section algorithms developed specifically to represent the direct and indirect impacts of grazers on spatial vegetation dynamics are discussed as potential factors promoting shrub encroachment. 
Representation of the factors of encroachment 2.1.2.1. Grazing.
The influence of grazing is limited to grass in the model as herbivores in central New Mexico graze primarily herbaceous vegetation [92, 93] . Two direct effects of grazing are considered. First, loss of grass biomass through grazing herbivores is represented by increasing the first-order decay coefficient of live grass biomass, k sg-G , in the model (i.e., dB l /dt ∼-k sg-G ·B l ) (Eq. 10 in Zhou et al. [98] ). Second, grazing is assumed to elevate the constant background probability of mortality due to disturbances ( P Mb-G ) in Eq. (5) , similar to the probability of grazing pressure in Ravi and D'Odorico [79] . Following the CATGraSS mortality rules, grass dies and the cell is set as bare when P M-G is greater than a U ∼(0,1), P M-G > U ∼(0,1), else grass is kept on the cell for the next growing season ( Fig. 4 ) .
Fire
Fire implementation in the model resembles a Bernoulli process with equal probability of fires, P F , occurring each year. P F is defined as 1/ T F , where T F is the fire return period. In each model year, if P F is greater than a generated uniformly distributed random number between 0 and 1, P F > U ∼(0,1), a fire is triggered in the modeled domain ( Fig. 4 ) . P F is likely to increase with the amount of grass fuel available on the ground [39] and decrease with soil wetness. These factors can be incorporated into the model. For example, P F may be positively related to the number of grass cells within the modeled domain [53] or reduced in anomalously wet years. However, in order to examine the effects of fire frequency independent of other state variables in the model, we kept P F as an independent parameter, which we varied based on published T F values for the study region.
Occurrence of a fire does not ensure the consumption and death of all the plants in a region since vulnerability of grass and shrub plant types to fire can be different. We address such differences using a vulnerability to fire parameter, V F-X , introduced by Accatino et al. [1] . V F-X is defined for each PFT and ranges between 0 (no vulnerability to fire) and 1 (no resistance to fire). When a fire is simulated in the model domain, V F-X of each plant is compared against a uniformly distributed and independently generated random number at each cell. In a grass cell, grass vegetation burns if its vulnerability to fire, V F-G , is greater than U ∼(0,1) ( Fig. 4 ) . Over the model domain V F-G gives the fraction of grass burned by a single fire event in the domain. In the case of shrubs, however, the comparison between V F-S and a U ∼(0,1) is repeated as many times as the number of neighboring grass cells in the first ring of a shrub cell. This implies that the greater the number of neighboring grass cells the higher the probability of a shrub cell to be killed by a fire.
Seed dispersal caused by animals
The introduction of herbivory in the study area since 1860 has increased the chances of arrival of seeds at bare soil patches from any direction and distance from a seed source as a result of seed dispersal by grazers (e.g., domestic cattle) that can carry and disperse seeds in all directions [92, 93] . In order to incorporate this additive effect of herbivores a spread of seed probability ( SSP ) is introduced in the CA component of the model. The SSP parameter is only used for shrub vegetation as grass seeds and rhizomes are assumed to be available in the entire area in abundance. SSP is introduced as the final step in the seed establishment process to provide an additional opportunity for a "candidate" shrub plant to establish at a bare soil site, if the first trial experiment for establishment fails in the last step of the establishment procedure ( Fig. 3 , right panel) . If SSP > U ∼(0,1), shrub is placed in the cell, otherwise the cell is left bare for a growing season.
AWE-GEN and stochastic downscaling
The Advanced WEather GENerator , AWE-GEN [52] is a statistical model that can reproduce statistical properties of weather variables including precipitation, cloudiness, shortwave radiation, air temperature, and wind speed observed over a range of time scales. A methodology for stochastic downscaling of GCM data was also introduced to AWE-GEN [37, 38] . In this study AWE-GEN is used to generate weather data to force model spin-up and historical encroachment experiments, and to downscale GCM outputs for future climate change simulations. AWE-GEN was preferred in historical simulations because of lack of long-term observations at the study site. The stochastic downscaling method uses a Bayesian approach to weight climate model realizations [37, 89] and develop probability distributions for factors of change (FOC) representative of the ensemble of GCM projections. FOCs of weather variables from climate models are calculated as ratios or "delta" differences of GCM climate statistics for historical and future periods at different aggregation periods (24, 48, 72, 96 h ). The median value of FOC is used to update AWE-GEN parameters assuming stationary climate for any considered future period. Updated AWE-GEN parameters are used to simulate hourly time series of hydro-climatic variables to represent future climate. AWE-GEN is also capable of simulating transient climate change by varying statistical parameters of weather variables obtained from GCMs gradually with time, which is the preferred approach for stochastic downscaling used in our study [23] . Since CATGraSS operates at daily (or inter-storm when desired) time scales, the generated hourly precipitation data by AWE-GEN are then aggregated to daily totals while other hourly weather variables are averaged over a day before using in CATGraSS. Daily T max is calculated with the Penman-Monteith equation using the daily data for historical and future climate change simulations.
Modeling study site
Site description
We studied shrub encroachment in a rectangular domain located within the Sevilleta National Wildlife Refuge (SNWR) (34 °24 N, 106 °59 W), in the northern Chihuahuan Desert of the Rio Grande Valley, approximately 80 km south of Albuquerque, New Mexico, USA. The selected site is at the northern range boundary of creosotebush ( Larrea tridentata ) of a region of vegetation transition (ecotone) where shrub encroachment has occurred [33] since the middle of the 19th century [19, 92] . Fig. 5 a shows the land cover map of the SNWR, obtained from the National Land Cover Database (NLCD) 2006 in 30 m resolution ( http://www.mrlc.gov/nlcd06 _ data. php ). The Northeastern quadrangle of the SNWR clearly shows a dramatic encroachment front of creosotebush into native desert grassland. The selected study site is indicated by a rectangular outline. It has an area of 7.34 km 2 (2.1 × 3.5 km), and mainly contains C 4 perennial grasses: blue grama ( Bouteloua gracilis ) , black grama ( B. eriopoda ) and galleta ( Pleuraphis jamesii ) grass; and the evergreen C 3 shrub creosotebush, with a current spatial coverage of 42% ( Fig. 5 a) .
A 10-m Interferometric Synthetic Aperture Radar (IFSAR) DEM of the SNWR ( Fig. 5 b) (source: http://sev.lternet.edu ) was used to obtain local slope and aspect of the topography for solar radiation calculations. The site has an abrupt change in elevation from a river valley on the southwestern quadrangle of the area with steep south facing slopes as high as 45.9 °to a plateau-like elevated flat surface ( Fig. 5 c) . Aspect map is given in Fig. 5 d.
The dominant soil type in the modeled region is sandy-loam ( Table 1 ) . Hydrologically active soil thickness is assumed to be limited by the root zone of each PFT, taken as 0.3 m for grass and 0.5 m for shrub vegetation [57] . CATGraSS uses a number of parameters to represent local vegetation dynamics (water balance, biomass production, allocation, and senescence). In this study we used vegetation dynamics parameters directly from Zhou et al. [98] who calibrated CATGraSS at the SNWR, while some of the CA parameters required local calibration as new components were introduced.
CATGraSS simulates water balance and vegetation water stress for each PFT lumped into topographic bins. Topographically similar slope-aspect ( S -A ) groups are developed considering a 6-degree increment for local slope, ranging from 5 °to 47 °at the site (8 slope classes), and a 30-degree increment for aspect (13 aspect classes), leading to 104 different combinations ( S -A groups). PFTs are defined using a 5 m-resolution vegetation grid following Zhou et al. [98] .
Historical weather data
Hourly weather data are required to characterize statistical properties of the local climate at the study site for both historical (spin-up and encroachment experiments) and future climate simulations. Local weather data including hourly precipitation, temperature, wind speed, relative humidity, incoming shortwave radiation, and actual vapor pressure are available at the Deep Well weather station between 1990 and 2008, located slightly northeast of our modeling site ( http://sev.lternet.edu/data/sev-1 ) ( Fig. 5 a) . The mean annual precipitation (MAP) at the site is 249.1 mm, with more than half of the precipitation falling during the monsoon season (3-month wet season from July to end of September) characterized by high-intensity rainfall events. Fall, winter, and spring rainfalls (9-month dry season) are driven by broad-scale frontal systems [42, 45] . The mean monthly temperature ranges between 2.5 °C in January and 25 °C in July. The prevailing wind direction is from southeast to northwest ( http://sev.lternet.edu/data/sev-079 ). The observed weather data at the Deep Well station are used to (1) characterize the stochastic nature of weather variables to use in the spin-up and encroachment experiments in AWE-GEN, and (2) estimate monthly FOC values of the observed historic climate with respect to GCM outputs to parameterize climate change in AWE-GEN.
Representing historical climate trends, if any, is critical for the encroachment simulations. The Deep Well weather station has only limited data for 18 years, not sufficient for trend analysis. Longer time series of annual precipitation and mean temperature were obtained from the Socorro County (NM) station (SCS) from 1893 to 2010 (source NOAA -National Oceanic and Atmospheric Administration ) ( Fig. 6 ) . Annual precipitation and temperature data clearly show drier conditions from early 1940 s to late 1950 s (referred to as the 1950 s drought) while the temperature record seems to show periodicity likely related to the Pacific Decadal Oscillation [64] . Despite the 1950 s drought, studies did not show any significant climate change trends in the last 150 years in central New Mexico [74] , and future projections for the summer monsoon indicate higher interannual variability but no directional trends in precipitation for this region [46] . The Mann-Kendall test with a significance level ( α) of 0.01 applied to the annual, wet and dry season time series of Socorro did not show any statistically significant trends. While we develop a large set of encroachment simulations that test grazing, fire, and seed dispersal effects of herbivores using generated stationary climate from AWE-GEN, observed climate data ( Fig. 6 ) are also used for a small set of model scenarios for comparison.
Model simulations
Model experiments are carried out in three steps: model spinup, encroachment, and future climate change experiments. During the model spin-up, we ran CATGraSS for 50 0 0 years without encroachment factors in order to reproduce the hypothesized shrub and grass percentages and their distribution in 1860. The model is started with an initial cover condition of equally distributed grass, shrub, and bare soil (each with 33% cover) randomly assigned across the model domain. Probabilistic establishment, mortality, and vegetation fire vulnerability parameters are calibrated during the spin-up simulations. The resulting field of vegetation cover is then used in the encroachment experiments.
Encroachment experiments aim to reproduce the shrub encroachment from 1861 to 2010 using grazing, fire, and seed dispersal algorithms individually, two-factor combinations, and all together with a range of parameter values. Modeled vegetation outputs are compared against the current patterns and percentage of shrub vegetation in Fig. 5 a. Among encroachment simulations, a scenario that reasonably reproduces historical shrub encroachment in the region is selected and used in the future climate change experiments.
Both spin-up and encroachment experiments have been driven with generated stationary weather data using AWE-GEN parameterized based on statistical properties of the 19 years (1990-2008) of observed weather data at Deep Well.
In order to generate future climate, eight GCMs (CCSM3, CSIROMk3.5, ECHAM-5, IPSL-CM4, CGCM3.1, GFDL, INGV, MIROC3.2) from the IPCC-4AR [62] are used to produce a transient climate change scenario for ninety years (2010-2100). The selection of models is based on availability of modeled daily precipitation time series as the main constraint, and relative independence among the models (different development groups). The GCM realizations here selected, which correspond to the A1B emission scenario [50] , exhibit a large spread of modeled climate variables, underlining the inherent uncertainties in climate model predictions. This is particularly evident for precipitation where FOCs are substantially different among the models, while changes in air temperature are generally more coherent. The stochastic downscaling is applied using Deep Well weather station data.
In this study the 1990-20 0 0 period is used as the control period for the climate change simulations. The medians of the probability distributions of monthly FOCs are used to estimate climate statistics for the central years (2055 and 2090) of the periods 2046-2065 and 2081-2100, respectively, with respect to the central year of the control period. The central year of the control period is represented by the mean monthly statistics calculated for the 1990-20 0 0 period for precipitation and temperature. FOCs for all of the other years in the period 2011-2100 were linearly interpolated between the downscaled years (1995, 2055 and 2090) using the same methodology presented by Burton et al. [22] to obtain transient climate change scenarios (see also [23, 38] ). In this way, ninety sets of AWE-GEN parameters (one for each year) are estimated and used to generate weather data. The previously discussed stochastic downscaling procedure has been carried out only to generate precipitation and air temperature. Generated future precipitation and temperature are used in AWE-GEN for estimating solar radiation, and generating relative humidity and wind speed for future climate [38] . Downscaled precipitation and temperature show changes in the future. In the observed 20 01-20 08 period, the mean wet season (July-September growing season) precipitation is 104.5 mm, and dry season precipitation is 149.1 mm (MAP equal to 253.6 mm). In the 2091-2100 period, however, the mean wet season precipitation is predicted as 89 mm ( ∼14.5% decrease) and the mean dry season precipitation is predicted as 159 mm ( ∼6.7% increase), with a MAP of 248 mm. The mean inter-storm period, T b , is predicted to increase from ∼80 h in 20 01-20 08 to ∼84 h in 2091-210 0, the mean storm depth is predicted to slightly increase from 2.32 mm in 20 01-20 08 to 2.36 mm in 2091-2100, while the mean storm duration, T r , is predicted to decrease from 70 min. to ∼50 min. Therefore, the future climate predicted by the model is characterized by less frequent but more intense storms. Annual air temperature is projected to increase ∼4.2 °C from 2010 to 2100. Reduced rainfall and warmer temperature are projected to cause more arid conditions in this region by the end of the century (e.g., [30] ).
Results
Initial conditions and spin-up simulation
The percentage and pattern of shrub distribution in the region prior to encroachment are not known, although studies confirm that shrub cover in this region was very low before encroachment that started ∼150 years ago [6, 18, 55, 72, 79] . In order to calibrate the model, we quantitatively interpreted this statement as ∼4% shrub cover in the study site in 1860. Based on image analysis of aerial photographs, Laliberte et al. [59] reported 9% shrub cover in southern New Mexico in 1937. Because our site is further north we believe a smaller value for shrub cover is justified.
Two different spatial patterns of shrub distributions with 4% shrub cover in the domain were used as initial conditions for encroachment simulations. The first initial condition, named E1 , was developed following Knapp et al. [55] who suggested that the shrub line moved gradually from south to north in the region. This is represented by randomly placing shrub cells that gradually decrease from a ∼8% coverage in the southern boundary of the domain to 0% shrub at the northern boundary, with a domainaveraged coverage of 4%. The second initial condition, named E2 , is developed through limited model calibration in the spin-up simulation. Table 1 reports vegetation parameters used for simulating plant establishment, mortality, and fire, mostly identified through model calibration to obtain 4% shrub cover in the domain. In the spin-up simulation we have not targeted any spatial patterns in the modeled shrub distribution, such as an encroachment front or cluster distribution of shrubs, as spatial patterns of shrubs are also unknown in the region in the 19th century.
An annual probability of fire, P F , of 0.1 is used in the model (return period, T F , equal to 10 years) in accordance with Casagrandi and Rinaldi [24] for pre-encroachment conditions. Vulnerability to fire for each vegetation, V F-X , (shown in Table 1 ) is set to 0.8 for grass (i.e., 80% of grass in the domain burns in every 10 years on average), to 0.11 for mature shrubs and 0.2 for young shrubs after a sensitivity analysis carried out using the value ranges reported by Accatino et al. [1] . Grasses are more vulnerable to fire than shrubs, while shrub seedlings are more vulnerable to fire than mature shrubs [1] . The background probability of grass and shrub mortality due to disturbances and diseases, P Mb , is very low in this system [73] , considered constant, and set to 0.01.
Initially, the factors of allelopathy IN G , ( Eq. (4a) ) and wind direction (WD and WD ) were first not considered by setting these parameters to 1. This led to the disappearance of shrubs in the domain in the spin-up simulations. Different simulations were carried out by gradually increasing IN G by 0.02. The IN G value was chosen as 1.12, which suggests a relatively small allelopathic influence of shrubs on grasses. In order to take into account the influence of wind direction on vegetation pattern, the wind direction factors, WD and WD , were introduced as previously described in the Section 2.1.1 . Values of WD ranging from 1.5 to 5, and of WD from 1 to 4, at 0.5 increments, have been considered for shrub, and they have been calibrated in order to obtain shrub cover equal to 4% in the domain. The final selected values are 2 and 1.5 for WD and WD , respectively.
The final vegetation distribution after 50 0 0 years of stochastically-driven CATGraSS runs using the selected parameters (i.e., E2 ) and the time series of percent coverage of PFTs in the study site over the modeled duration are shown in Fig. 7 a  and b , respectively. The vegetation percentages obtained at the end of the simulated 50 0 0 years (i.e., 1860) are: 4% shrub, 86% grass, and 10% bare soil. The spatial distribution of shrubs follows a cluster pattern without any evident influence of the topography on vegetation pattern. Cluster distributions of woody plants have been observed in semiarid ecosystems globally [59] [60] [61] 84] . Evidence for pre-encroachment spatial patterns of shrubs does not exist. However cluster patterns used as initial condition in our model provide an opportunity to investigate the sensitivity of our model to two end-member initial conditions, one with random distributed shrubs (i.e., E1 ) and the other with relatively large clusters (e.g., representing refugia) (i.e., E2 ), while both have identical areal cover fraction of shrub vegetation.
The shrub time series in Fig. 7 b shows a decreasing trend with very little year-to-year fluctuation, while grass cover persistently increased over time. The highly variable nature of grass cover is driven by the inter-annual fluctuations in precipitation, and has a lag-1 autocorrelation coefficient of 0.75. Grasses develop an overall higher water stress than shrubs in the simulations and they have a lower drought resistance [8] . As a result, a relatively large fraction of grasses die during dry years, but they also grow back rapidly in the following wetter years, from belowground reserves and seeds, both of which are assumed to be available everywhere in the modeled domain.
Encroachment experiments
Sensitivity analysis of encroachment factors
In the encroachment simulations we ran CATGraSS for 150 years to investigate the roles of fire return period ( F ), grazing intensity ( GR ), and herbivore influence on seed dispersal ( SD ) on shrub and grass patterns by systematically varying these factors. Each factor is first used individually and then in combination. We identified parameter ranges that reproduce the current shrub percentage of ∼40% from an initial condition of very low shrub cover equal to ∼4% (i.e., E1 and E2 ( Fig. 7 a) initial conditions) .
In the first set of simulations we examined the sensitivity of the model to varying conditions of GR and SD under a historic fire return period, T F , of 10 years. Using a fixed fire frequency allows us to illustrate the effects of individual factors of GR and SD . Grazing ( GR ) was introduced at the SNWR region in 1860 ( [92] , 2009).
The effect of GR was represented by two parameters in the model. First, on a daily-basis GR reduces the amount of live biomass in the model, by amplifying the decay coefficient of green biomass, k sg-G , from 0.004 d −1 in the spin-up simulation to 0.012 d −1 in the encroachment simulations, consistent with ranges used for this parameter [65, 98] . This k sg-G value is fixed and used in all of our simulations that involved GR . Second, probabilistic plant mortality due to GR is introduced by increasing the background probability for disturbance, P Mb , included in the annual probability of plant mortality, P M ( Eq. (5) ) [98] . Because of its control on vegetation state in each cell, P Mb was used as a calibration parameter and to examine the influence of grazing. In our sensitivity analysis, we simulated ten different GR scenarios that provided constant P Mb values ranging from 0.025 to 0.25 (i.e., 2.5% to 25% chance of annual mortality respectively) with an equal increment of 0.025.
With regard to SD , van Auken [92, 93] stated that the introduction of animals in the study area from 1860 enhanced the chances that shrub seeds would arrive in a bare soil patch from any distance by the continuous movement of grazers (e.g., [17] ). To account for dispersal by grazers within the model framework, we varied the spread of the seed probability parameter, SSP , from 0.001 to 0.01 using 0.001 increments. For example, SSP equal to 0.01 gives an additional 1% chance of establishing a shrub plant in a neighboring bare soil cell every year. Even if this value is small, its cumulative impact over time can be fairly significant.
To facilitate the comparison of model results with different encroachment factors objectively, we first established a baseline simulation ( BØ) of 150 years (1861-2010) for both E1 and E2 initial conditions. In the baseline simulations the parameter values used are identical to the spin-up model runs (i.e., without encroachment factors). BØ, driven by identical climate forcing as other encroachment simulations, is expected to give coverage percentages of shrub and grass similar to those of the initial conditions in 1861.
We present the modeled final percent coverage of shrub and grass vegetation types with E1 and E2 initial conditions for each single-factor sensitivity run of the model in Fig. 8 a,b,c and d. The model shows high sensitivity to the initial vegetation distribution used in the simulations. In the case of E1 , with randomly distributed individual shrubs, loss of grass by GR leads to a positive feedback to shrub cover, which increased from 4% (base case, P Mb equal to 0.01) to 38.26% ( P Mb equal to 0.25) ( Fig. 8 a) . Under a natural fire regime that creates bare soil patches, grazing herbivores increase seed dispersal probability ( SSP ), which also leads to shrub expansion ( Fig. 8 b) . In the case of E2 , with initial clusters of shrubs that are developed during model spin-up ( Fig. 7 a) , shrubs are locked in clusters and they show very little response to GR and SD ( Fig. 8 c and d) , while GR naturally leads to loss of grass cover with some step-like behavior ( Fig. 8 c) .
Next, we examined the joint influence of each of the ten GR and SD scenarios described above, by running a total of 100 model experiments with both E1 and E2 initial conditions. In these simulations, to more realistically represent the historical encroachment process, the observed historical decline in the fire frequency is expressed with a linear increase in fire return period, T F , from 10 years (in 1861) to 100 years (in 2010) ( F ), consistent with the literature (e.g., [70, 96] ). The response surfaces for modeled shrub cover in 2010 as a function of changing P Mb (grazing effect) and SSP (enhancement in shrub seed dispersal) values are shown in Fig.  9 a and b for the E1 (random) and E2 (cluster) initial conditions, respectively.
With the E1 initial vegetation distribution, the final shrub percentage gradually increases with SSP and P Mb , from a minimum value of 32.1% to a maximum value of 81.7%. When the E2 initial vegetation is used ( Fig. 7 a) , the final shrub cover grew from a minimum value of 10.1% representing the minimum values of P Mb and SSP , to a maximum value of 78.1%. Note that the minimum values of shrub cover in both surfaces (see circles in Fig. 9 a and b) are different than the base simulations ( BØ) with ∼4% shrub cover, as 9 . Final shrub percentage after encroachment for each grazing-seed dispersal cases combination starting from E1 (a) and from E2 (b). White-filled circles represent the final shrub percentage values obtained with the minimum values of the background probability of mortality due to disturbances, P Mb , and the spread of seed probability, SSP . The black-filled circles provide the "best" reconstruction of encroachment, with shrub cover (%) consistent with the current distribution of shrubs in the study region.
T F is increased linearly over time throughout the simulations for a more realistic representation of fires, in addition to the use of the minimum values of P Mb and SSP . Differences between the two model-response surfaces demonstrate the sensitivity of the model to initial shrub distribution. For a given combination of identical P Mb and SSP values for both initial conditions, the E1 initial condition generally showed a higher shrub cover in the domain than the E2 initial condition.
The differences between the model response to E1 and E2 initial conditions can be largely attributed to the establishment algorithm. When encroachment factors are implemented with individually scattered shrubs across the domain ( E1 ) each mature plant actively sends seeds to their neighboring cells. However when shrub clusters dominate the initial condition, plants that are located within the cluster cannot propagate seeds out of the cluster, significantly reducing the seed source as well as the establishment of plants away from the cluster. As a result, ∼40% shrub cover is obtained in the E2 model with a significantly larger seed dispersal effect ( SPP ), and a higher rate of grazing ( P Mb ).
The proposed fire algorithm for shrubs repeats the random procedure for assessing the fire outcome (burn or survive) for the number of grass cells surrounding the shrub cell ( Fig. 4 ) . Because there are limited grass cells within a shrub cluster, shrubs within clusters would survive fires and die only as a function of aging effects. This leads to the development of an older shrub population with the E2 condition.
For each initial condition we select P Mb and SSP values that lead to approximately the observed level of shrub cover, based on the Table 2 Parameters that give ∼40% of shrub cover at the end of the encroachment simulations for the E1 and E2 initial conditions.
Cases
Years ( Fig. 5 a) , in both modeled domains ( Fig. 9 a and b) , and report them in Table 2 . Because of the slower rates of modeled shrub encroachment in the E2 domain, parameters that led to the observed shrub cover are twice as large as those found in the model runs with the E1 domain. The parameter space reported for each initial condition in Table 2 allows us to compare the contribution of each encroachment factor in the model.
Contribution of different encroachment factors on spatial patterns of shrubs
In this section we investigated the modeled spatial outcome of each proposed encroachment factor ( F, GR, SD ) individually, twofactor combinations, and finally all 3 factors combined using the parameters reported in Table 2 . Combination of all three factors for E1 and E2 initial conditions give the black-filled circles in Fig.  9 a and b. Model outputs are reported in Figs. 10 and 11 for E1 and E2 initial conditions, respectively. BØ output is presented for comparison of natural conditions without human-introduced herbivores and with more frequent fires representing the historical grassland fire regime. When encroachment factors are not introduced 4% shrub cover remains stable in the model during the 150-year encroachment period as shown in the baseline simulations (see BØ in Figs. 10 and 11 ). In E1 ( Fig. 10 ) , some shrub clusters evolved from randomly distributed plants while other individual shrubs died with no net change in % shrub cover over the 150-year long simulation.
With the E1 initial condition, reduction in fire frequency ( F ) provides the largest increase in shrub ( SH ) cover among all the encroachment factors considered, followed by biomass removal and mortality due to grazing ( GR ) ( Fig. 10 ) . Loss of grass ( G ) in the F simulation is a result of shrubs becoming more competitive, as they mature and actively disperse seeds with less frequent fires. SD also has a pronounced effect on the growth of shrub clusters by providing an increased probability of space filling by shrubs. Factors F and GR combined only adds ∼5% more shrubs in the modeled domain, while it has a marked influence on the decline of grass coverage by more than 20%, compared to the effect of F only. This model finding is consistent with experimental results of Gosz and Gosz [43] , who suggest grazing as a major cause of loss of black grama ( B. eriopoda ). Combination of all factors ( F-GR-SD ) leads to the final shrub cover of 42%, adding 8% more shrubs to the case of F-GR , while grass covers drops by about 7%.
In the case of E2 initial condition ( Fig. 11 ) , the model response to individual encroachment factors ( F, GR, SD ) is relatively muted. Among the individual factors, SD causes the largest increase in shrub cover from 4.23% to 10.79%. Among the two-factor combination runs, GR-SD combined leads to the largest increase in shrub (+14%) and decrease in grass ( −29%) cover from the baseline simulation. This is anticipated in this model as grazing actively removes grass cells, while increase in the probability of shrub establishment due to SSP fills empty cells. With the E2 initial condition the model shows significant response only when all three encroachment factors are incorporated. In the F-GR-SD scenario shrub cover doubles and grass cover reduces by half compared to the GR-SD simulation. In both E1 and E2 scenarios increase in shrub cover in the F -GR-SD simulations compared to the GR-SD simulations can be attributed to the maturing of shrubs to active age of seed dispersal (i.e.,18 years of age) as fire return period grows beyond 10 years. SD effect was more pronounced in the E2 simulation ( F-GR-SD ) compared to E1 . This is because in E2 shrub propagation is largely attributed to increase in the spread of seed probability ( SSP ) as individual shrubs inside the clusters cannot disperse seeds to empty cells out of the cluster. Therefore as fire return interval increases, shrubs that establish as a result of the SD effect mature and begin dispersing seeds and hence enhance shrub cover in the domain.
The role of climate variability on encroachment
In the simulations reported above a single stationary realization of the weather generator was run, and used consistently in all vegetation simulation experiments. This approach neglects the stochastic nature of the climate and does not allow for the analysis of the role of observed historical droughts in the last 150 years. In order to investigate the stochastic nature of the local climate on simulated vegetation fields, we ran CATGraSS with an ensemble of 50 realizations using all three factors of encroachment ( F-GR-SD) on an E1 domain. In each run different random seeds are used to generate different weather forcings while the overall statistical properties of the climate were kept constant.
In addition to addressing the stochastic nature of the climate, we also investigated the influence of the 1950 s drought ( Fig. 6 ) as well as observed variations in the historical climate in the SNWR using the daily time series of temperature and precipitation measured at SCS from 1893 to 2010. The drought in the 1950 s provides a natural perturbation experiment to shrub encroachment.
In Fig. 12 we plot the median, and the 10th and the 90th percentiles of simulated shrub and grass cover trajectories from the stochastic CATGraSS simulations; as well as shrub and grass cover for the simulation driven by the historical daily weather data in SCS. It is important to point out that SCS is located only 35 km south of the study site, however it represents the characteristics of the central New Mexico climate.
The median trajectory highlights an increase of shrubs from 4% in 1860 to 42.26% in 2010, and loss of grass from 80% in 1860 to 29% in 2010, consistent with Fig. 10 ( F-GR-SD ) . Stochastic climate has a small impact on the final shrub cover in the domain in 2010, while higher variability in grass cover reflects its sensitivity to inter-annual fluctuations in precipitation. The observed climate starts with approximately a decade-long wet period, followed by average conditions that continue until the beginning of drought conditions by the mid 1940 s ( Fig. 6 ) . The simulation forced with historical data shows shrub encroachment close to the 90th percentile line of the stochastic simulations before drought. Between 1940 and 1960, shrub cover drops from ∼27% in 1941 to ∼16% in 1956 (lowest shrub cover after 1940), while grass cover continuously declines from ∼47% to ∼25%. Shrub cover increases again as rainfall returns to average after 1960. During the drought period 1940-1960, shrub cover drops under the 10th percentile of the shrub cover trajectory obtained through the stochastic ensemble; this could occur because precipitation observed in this period was lower than the 10th percentile of the stochastic ensemble of precipitation provided by AWE-GEN, denoting a strong relationship between rainfall forcings and shrub dynamics. The result of the simulation driven by the historical data provided by SCS is consistent with Stewart et al. [88] who argued that droughts slow down rather than promote shrub encroachment. Interestingly, despite the differences in the stochastic sequences of rainfall events and a sustained drought in the historical simulations, shrub cover trajectories (historical and ensemble median) evolve nearly in parallel especially after the 1950 s drought reaching, at the end of the simulation period, almost the same vegetation coverage. This may suggest a strong control of fire and of the initial vegetation cover used in the beginning of the simulations.
Climate change impacts on shrub encroachment
Our model clearly responds to drier conditions during the 1940-1960 drought period ( Fig. 12 ) . This result naturally leads to the following questions: (1) how will climate change impact shrub encroachment in central New Mexico in the future? (2) Can removal of grazing and restoring fire frequency to pre-grazed conditions reduce shrub encroachment in the future? To investigate these questions, CATGraSS is used to simulate vegetation dynamics in the 21st century starting with the simulated vegetation distribution in 2010 for the F-GR-SD scenario presented in Figs. 10 and 12 .
Three climate scenarios are developed: (1) a baseline scenario where climate is kept stationary without any future change while grazing and low fire frequency continued ( BL scenario); (2) a future climate change scenario with continued grazing and low fire frequency ( CGF scenario); (3) a future climate change scenario in the absence of grazing with natural fire frequency ( CNGF scenario). An ensemble of 50 simulations driven by AWE-GEN is conducted for each scenario. When grazing is removed all model parameters are set to baseline spin-up conditions discussed earlier. Fig. 13 maps vegetation distribution in 2100 (left panels) in one of the ensemble members, and the time series of the median, the 10th and the 90th percentiles of annual shrub and grass cover percentages obtained from 50 ensemble member simulations between 1860 and 2100 (right panels). Fig. 13 presents BL, CGF , and CNGF scenarios in respective order from top to bottom. Percentiles of cover are preferred here to illustrate the uncertainty in the vegetation cover as a result of stochastic climate. The results of the BL scenario clearly shows that shrub encroachment in the region may continue with continuing grazing without any future climate change, doubling the shrub cover by the end of 2100 ( Fig. 13 a and  b) . In the CGF scenario a drier climate brings 13% more shrubs in the model, predicting a faster shrub encroachment in the future with grazing compared to the BL scenario ( Fig. 13 c and d) . In the CNGF scenario encroachment continues at a much reduced rate and the simulation ends with much lower median shrub cover of ∼64% in 2100 ( Fig. 13 e and f ) compared to CGF that ended with ∼90% shrub cover ( Fig. 13 c and d) . Absence of grazing also leads to higher inter-annual variability in grass cover. These results support the conclusions of Ravi and D'Odorico [79] , who suggested that removal of grazing and restoring historic fire frequencies may slow down shrub encroachment.
CATGraSS simulations suggest that climate change will favor shrub encroachment even when grazing is removed. This behavior can be ecohydrologically explained by plotting the probability of exceedance of water stress ( WS X ) for shrub and grass vegetation for the historical (1860-2010) and the future (2011-2100) modeled periods ( Fig. 14 ) . WS X is calculated at the end of each growing season, and used to calculate annual probabilities of plant establishment and mortality due to drought stress as described earlier (see also [98] ). In each modeled year the median value ( Table 1 ) . When WS X exceeds θ X , probability of plant mortality increases. Therefore calculating the probability of exceedance of a given θ X , P ( WS X ≥θ X ) would be a relevant measure to quantify the impact of climate change on plant mortality. P ( WS X ≥θ X ) for mature shrubs decreases from 0.1 in the historical period to 0.022 in the future period, while for shrub seedlings P ( WS X ≥θ X ) decreases from 0.55 in the historical period to 0.15 in the future period. In contrast, P ( WS X ≥θ X ) for grass increases from 0.38 in the historical period to 0.45 in the future period.
Creosotebush, the dominant shrub in central New Mexico, is drought tolerant as it has deeper roots and resistant physiology [25, 49, 81] , while black grama grass is less tolerant to short droughts, but can recover rapidly when soil water is available [8, 20] . Our model simulations are consistent with Allen and Breshears [2] and van Auken [93] who suggest that climate change could exacerbate future WPE. In a recent study Gherardi and Sala [40] examined the impact of climate change on shrub and grass vegetation by increasing the inter-annual variability of rainfall in a rainfall manipulation experiment conducted at the Jornada Basin Long Term Ecological Research (LTER) site, New Mexico, USA. Dry years had a larger impact on loss of grass productivity than productivity gain in wet years, resulting in net loss of grass productivity over the 6-year study period. Shrub productivity increased with growing rainfall variability. Gherardi and Sala [40] attributed the increase in productivity of shrubs and decrease in productivity of grasses to differences in their rooting depths.
Conclusions
Arid and semiarid grasslands of southwestern North America have changed dramatically over the last 150 years as a result of woody plant encroachment (WPE). WPE has important implications in the management of water and land resources of the impacted regions. Therefore, understanding and realistically representing the past and future ecohydrologic dynamics of WPE is of paramount importance. Many have argued that domestic herbivores, reduced fire frequency and climate change are primary causes of WPE in this region. Relatively simple algorithms for grazing, grassland fires, and seed dispersal effects of grazing herbivores are proposed and incorporated in the Cellular Automaton Tree-Grass-Shrub Simulator (CATGraSS), which is implemented in a small area (7.3 km 2 ) in central New Mexico where shrub encroachment into grassland is active with ∼40% shrub cover currently. Our model experiments included three phases: long-term spin-up, historical encroachment, and future climate change simulations. Our major findings are summarized as:
(1) The model is highly sensitive to the distribution of preencroachment shrub cover as model initial condition. When a small areal percentage (i.e., 4%) of shrubs is randomly distributed that gradually decreases moving northward ( E1 scenario) as a model initial condition ( E1 ), encroachment factors more actively lead to shrub propagation. However, when shrubs are grouped in clusters as a model initial condition ( E2 ), the model response to encroachment factors is muted. This response is attributed to the fact that shrubs within a cluster do not send seeds outside the cluster unless they are located on the cluster boundary. This model response is compensated for by selecting higher model parameter values in E2 than E1 simulations to obtain roughly the same amount of shrub cover in both models. (2) Under starting conditions where shrub cover gradually decreases moving northward ( E1 scenario), the model simulates historical shrub encroachment, reproducing an increase in shrub cover from 2% to 42%. The simulations indicate that the most influential factors driving shrub encroachment under these conditions are reduced fire frequency, and increased grazing intensity, as proposed by van Auken [92, 93] . These simulations also indicated that shrub encroachment is not facilitated by drought periods. Under starting conditions where shrubs are clustered ( E2 scenario), the most influential factor limiting shrub encroachment is seed dispersal by animals under reduced fire frequency and increased grazing. (3) CATGraSS predicted loss of shrub and grass cover during the 1950 s drought. Between 1940 and 1960 shrub cover drops from ∼27% in 1941 to ∼16% in 1956, while grass cover continuously declines from 47% to 25%. Shrub cover begins to increase again as rainfall returns to average after 1960. Grass cover on the other hand first shows some recovery, followed by decline. The result of the simulation driven by the historical data provided by a nearby weather station is consistent with Stewart et al. [88] who argued that droughts slow down rather than promote shrub encroachment. (4) Trajectories of modeled shrub and grass cover driven by a stochastic weather generator suggest a relatively low (high) sensitivity of shrub (grass) cover to climate variability over the 150-year long encroachment simulations. While higher variability in grass cover reflects the sensitivity of grass to inter-annual fluctuations in precipitation, consistence between the trajectories of modeled shrub cover driven by historic and stochastic climate suggest a strong control of fire and shrub spatial patterns on shrub response. These results suggest a highly predictable system sensitive to initial conditions. (5) In the future simulations, while climate change is found to amplify shrub encroachment ( ∼13% more shrub cover by 2100), grazing is found to be the dominant factor that leads to shrub encroachment. When grazing is removed and the fire frequency is set to pre-grazing conditions, encroachment continues with a reduced rate under future climate change. Existing, widespread seed sources from mature shrub plants can be an explanation of continuing encroachment without grazing. However, the model also predicts lower shrub water stress under climate change which reduces shrub mortality rate and improves shrub encroachment. Predicted shrub encroachment with climate change is consistent with recent literature.
Limited mechanistic understanding of shrub encroachment and uncertainties in the representation of ecohydrological factors to reproduce this phenomenon hamper the development and use of numerical models [48, 55] . In addition, simulations can provide similar "acceptable" patterns of grass and shrub abundances denoting the presence of equifinality in models [11] . The coupled ecohydrological cellular automaton modeling approach presented here provides a "tool box" for testing hypothesis about WPE. Changes in fire frequency, seed dispersal caused by animals, and grazing have been implemented in the model separately, but these variables likely interact with each other and additional drivers to promote shrub encroachment. Therefore, future efforts could enhance the model by connecting these three variables with other drivers, to determine how fire, grazing and climate change will interact to drive shrub encroachment and vegetation dynamics under global environmental change. Another future improvement of the cellular automata model will be the introduction of a geomorphic component that takes into account erosion and transport of sediment by wind and water and sediment-vegetation interactions such that the development of islands of fertility can be simulated and examined in this model. Lack of such coupled eco-hydrogeomorphic processes is a critical limitation of the current model.
